Abstract We provide more evidence on the functional relationship between willingness-to-pay for risk reductions and age (the senior discount). We overcome many of the limitations of previous literature that has dealt with this issue, namely, the influence of the assumptions used in statistical models on the final results. Given our large sample size (n = 6024) we can use models that are very demanding on data. We use parametric (linear, quadratic, dummies), semi-nonparametric, and non-parametric models. We also compare the marginal and the total approach and show that they provide similar results. We also overcome one of the limitations of the total approach, that is, we include the effects of socioeconomic characteristics that are correlated with age (education and income). Our main result is that all these different approaches produce very similar results, namely, they show an inverted-U relation between the value of a statistical life (VSL) and age. Those results can hardly be attributed to problems of collinearity, omitted variables or statistical assumptions. We find a clear senior discount effect. This effect seems concentrated on those who have lower education and income levels. We also find that the value of a statistical life year (VSLY) increases with age.
Introduction
One of the most relevant concepts in cost-benefit analysis is the value of a statistical life (VSL). The VSL is defined as the marginal relation of substitution between wealth and the risk of death. In practice, it is usually estimated from the amount that a subject is willing to pay (WTP) for a small mortality risk reduction (Dp) as WTP/Dp. For example, if a subject is WTP €30 for a 2 in 100,000 mortality risk reduction, the VSL would be 1.5 million euro (€30 9 100,000/2). One issue that has received considerable debate in the literature on VSL is the so-called ''senior discount'', that is, whether VSL should be age-related, more specifically, would different (lower) VSL be applied to older people? This also has very important consequences for another key concept, namely, the value of a statistical life year (VSLY).
The value per statistical life year (VSLY) is an approach for adjusting VSL estimates to reflect differences in remaining life expectancy. In some cases, researchers simply estimate the VSLY dividing the VSL by the discounted expected number of life-years remaining for the average individual studied. That is, they assume that the VSLY is constant. In this paper, given our large database, we do not use such restrictive assumptions since we estimate the age-specific values of VSL. To estimate VSLY, we have annuitized age-specific VSLs based on agespecific years of life expectancy, and we obtain agespecific VSLY values.
In many areas, like air pollution or health care, where most of the benefits fall on old people, the VSLY could be an even more relevant concept than the VSL. In fact, in the economic evaluation of medical technologies, life years (or quality-adjusted life years-QALYs) are more often used as a measure of benefit than lives. Traditionally, many regulations have used the same VSL regardless of age and a constant VSLY. However, if VSL does not depend on age, life years of those with lower life expectancy (usually old people) receive higher values than those with higher life expectancy (usually young people). It is then quite relevant to have clear evidence of the existence, or not, of the ''senior discount'' and its implications for policy. This paper aims to shed more light on the debate over the existence of the senior discount.
Viscusi [25] suggests that the existence, or not, of a senior discount should be based on individual's WTP for risk reduction. However, Crooper, Hammit and Robinson [8] indicate that ''few studies provide a clear test of the effect of age on VSL''. They point out the statistical problems encountered in many studies, such as when imposing a certain functional form (linear or quadratic), and they suggest that more flexible functional forms are needed. Kriström [13] and McFadden [16, 17] , among others, emphasize the limitations of the parametric approach since the statistical assumptions on the response probability function are quite demanding, and erroneous assumptions may lead to a marked bias in estimation of the welfare measure. In the context of mortality risk valuation, Alberini [1] finds that the age effects in mortality risk valuation are not robust to researchers' choices about these assumptions. Krupnick [14] emphazises that most studies focus on the marginal effect of age but not on the total effect. The marginal effect approach tries to estimate the relationship between age and WTP, holding (theoretically) other variables constant. However, there are important issues of collinearity (age is a proxy for other variables) and omitted variables, within this approach. Krupnick [14] suggests that some of these issues can be handled under the total effect approach. Here, age is treated as a proxy for variables that change with age. We estimate total effect, dividing the sample into different age groups and comparing WTP between those groups. Very few papers supplement the marginal analysis with total effect analysis probably because it is necessary to have a large sample size with enough seniors in order to implement this approach. The problem of the total approach is that we do not know if any senior effect is related to age per se, or to some characteristics that are age-related, unless the analysis is conducted in subgroups of similar characteristics. However, this requires a very large sample size since some groups (e.g., old people with high education and high income) quickly become too small.
Our study overcomes most of these problems given our large sample size (n = 6024). First, we estimate both marginal and total effects. We are not aware of any other paper that has combined the two approaches. Second, within marginal effect, we use several specifications of the age variable, namely, we use linear, quadratic, dummies and semi-nonparametric. We use the semi-nonparametric specifications proposed by Alberini [1] since she showed that they may generate very different (and opposite) results to those obtained from parametric techniques. Our results are robust to those different specifications. Third, we used non-parametric methods in order to apply total effect analysis. In this way, we can overcome the problems of collinearity and omitted variables that can influence the results of the marginal approach [14] , and results are not influenced by the assumptions used in the statistical models. We estimate WTP within groups that are homogeneous not only in terms of age but also in income and education. In this way, the total effect analysis conducted in this paper overcomes one of the problems of this approach, namely, that it does not disentangle the effect of different variables that are correlated with age. We can also make a distinction between age groups that they all fall within the concept of ''senior'', that is, those who are ''younger'' seniors (say 60-75 years old) and older ([75 years) seniors. There is very little evidence in the literature between WTP within senior age groups. Finally, following Viscusi and Hersch [26] we also estimate the relationship between VSLY and age. In summary, the main contribution of this paper is to calculate age-specific values for VSL using techniques that avoid the main biases that, according to the literature, could affect previous calculations.
The main result we obtained is that all these different approaches (parametric, semiparametric, non-parametric, marginal and total effects) produce very similar results. This confirms previous evidence, namely, the relationship between VSL and age is inverse U-shaped. Those results can hardly be attributed to problems of collinearity, omitted variables or statistical assumptions. We find a clear senior discount effect. This effect seems concentrated on seniors who have lower education and income levels and on older seniors. We also find that VSLY increases with age, especially above 65.
Our paper proceeds as follows. First, we describe the structure of the survey. Second, we justify the quality of our data, applying some validity tests. Krupnick mentions as validity tests ''that variables expected to affect WTP do in fact have such an effect'' (p. 268). However, Loomes [15] also mentions a different kind of validity tests that are the mirror image of those mentioned by Krupnick, namely, that variables that are not expected to affect WTP do not in fact have an effect. One paradigmatic case that variables that are not expected to affect WTP end up influencing WTP is framing effects. We study to what extent framing effects influence our data. We show that our data pass these validity tests. The paper then proceeds to present the main econometric models we use. This is followed by the presentation of the main results, that is, the relationship between WTP and Age. We present first the results of the marginal approach, using parametric and semiparametric techniques. We then present the results of the total effect approach using non-parametric techniques. Finally, discussion and conclusions close the paper.
Survey design
To study the relationship between WTP and Age, we estimated individual WTP for reductions in the risk of mortality due to acute myocardial infarction (AMI). We used this case for two reasons. One is that we already had experience with this good since it was used in previous work ( [19] ). We used the same framing and visual aids that were developed for the former study. The second reason is that, in the former study, we observed that subjects did not need very long explanations of the nature of an AMI and its consequences. Most people are familiar enough with the concept of AMI, so a short explanation is enough for them to understand the health problem we are dealing with. We thought we could use a simpler questionnaire in this case than in [19] . The questionnaire we used for the present survey was included in a general survey that was conducted by ASEP (http://www.jdsurvey.net), a private consulting firm that carried out a survey on ''Spaniards' Public Opinion'' every month from 1986 to 2011. It was a Personal Face to Face survey, representative of the Spanish population 18 years of age and over. Sample size was 1200 subjects each month. It is a stratified random sample; the strata are (1) the autonomous regions and (2) municipalities grouped by population size. There is a random selection of municipalities and electoral districts within each municipal stratum and autonomous community. Household selection is conducted through random route procedures within each electoral district. Final selection of respondent in each household is based on gender and age quotas, or on Kish's tables. We inserted our survey in five of their waves (December 2005, February, March, April and May 2006) for a total sample size of 6024 subjects.
The first part of the text was aimed at explaining what an AMI is and the concept of risk of mortality linked to it. It was explained that, after an AMI, some people die immediately and some other people survive. However, in the most acute cases, the heart of those people who survive is damaged and they need to take medicines. In spite of taking these medicines (medicine X in the survey), 17% of these people die the 1st year after the heart attack. After this 1st year, only a very few people die from the damage caused by an AMI. The data were obtained from randomized controlled trials [20] . The status quo was then to take medicine X, pay nothing and accept a 17% risk of death the 1st year after the AMI.
The second part was devoted to the preference elicitation questions. Subjects were asked to assume that a new medicine (medicine A) was introduced providing a lower mortality risk. A visual aid was included to help respondents to understand better the risk reduction provided by the medicine. The treatment had to be followed for 1 year after the AMI.
We used three different elicitation procedures in order to test for the influence of framing effects. Each survey was divided in six groups of about 200 subjects each. We then have a total of 30 different subgroups (5 waves 9 6 subsamples in each wave) divided as follows:
(A) Elicitation procedure 1 (EP1): double-bounded contingent valuation. Groups 1-12 (December and February surveys). Each subject was asked if s/he would be WTP or not a certain amount of money (initial bid) monthly, for 1 year, in order to take medicine A, which would reduce the risk of death by 3% (from 170 in 1000 to 140 in 1000) the 1st year after the AMI. If s/he accepted this amount next bid was higher, otherwise lower. An ''I do not know'' answer was also allowed. The distribution of bids by group can be seen in Table 1 . (B) Elicitation procedure 2 (EP2): groups 13-20 (the six groups in March and two groups in April) were allocated to this procedure. In this case, subjects were told that the effect of medicine A could be high (final risk Q) or low (final risk R, Q \ R) depending on patient's characteristics, and that there was a medical test that could tell them if they were in one group or another. They were also told that the cost of the medicine was not certain, and it could also be high (Y€) or low (Z€). They were asked four questions depending of the different combinations of effectiveness (highlow) and cost (high-low). For example, they were told ''the medical test tells you that you are in group 1. Medicine A will reduce your risk from 170 in 1000 to Q. The cost for you is Z€''. This represents the high(effectiveness)-low(price) combination. Then, three more questions were asked using combinations high-low, low-high and low-low. In summary, the subject had to make four binary choices. An ''I do not know'' answer was also allowed. The options that the subjects had to compare to the status quo (17% of risk, no cost) can be seen in Table 1 . (C) Elicitation procedure 3 (EP3): this group was very similar to EP2 since subjects always had four binary Age effects in mortality risk valuation 923
choices. However, in this case, all options had the same price but differed in terms of risk reduction. That is, they were told that the effect of the medicine was not certain and that it worked differently in four groups of patients. While initial risk was always 170 out of 1000, the final risk could take four different values. Again, the question was ''the medical test tells you that you are in group 1. Medicine A will reduce your risk from 170 in 1000 to Q. The cost for you is Z€''. The cost (Z€) was always constant. In practice, they had to say in which cases they would pay Z€ and in which cases they would not. An ''I do not know'' answer was also allowed. The options that the subjects had to compare to the status quo can be seen in Table 1 .
This design makes it possible to conduct several tests about the quality of the data in line with the suggestions of Krupnick [14] and Loomes [15] , i.e., responses should be sensitive to theoretically relevant factors, and insensitive to theoretically irrelevant factors. One difference between our setting and other settings used in the literature on the VSL, a For EP1, the step-down and step-up bids in the follow-up question are showed b In groups 6 and 12 the change in risk was presented as a percentage (e.g., change in risk from 17% to 14%) and not as number of events out of 1000 (from 170 to 140 out of 1000)
is that the risk reduction we use is significantly larger than other studies that have used very small risk reductions (e.g., 1 in 100,000 or in 10,000). One problem arising from this is that our estimations of VSL cannot be compared directly to the value of VSL estimated in those settings. However, the main objective of this paper is not to estimate VSL but the relationship between VSL and age, and this can be done using a 3% risk reduction, as it is our case. Apart from that, the use of larger risk reductions may have some advantages, since there is evidence that subjects have problems in working with very low probabilities. In any case, we believe it is important to use risk reductions that correspond to the health setting in order to obtain conclusions that are relevant in the allocation of health care resources.
Sensitivity to theoretically irrelevant factors
Three kinds of effects are analysed here:
1. Framing effects: we test if WTP depends on the elicitation procedure used in our experiment. In order to do this, we compare the probability of accepting a bid for a 3% risk reduction in EP1 with the probability of accepting the same bid for the same risk reduction in EP2 and EP3. Since the first response to the double bounded dichotomous choice (DBDC) is, theoretically, the most unbiased response, we compare the probability of accepting the first bid in EP1 with the probability of accepting the same bid in EP2 and EP3. 2. Ranking effects: we test if WTP depends on the position (best, intermediate, worst) of the alternative within the choice set. According to Parducci's range-frequency model [18] , the perceived utility of an object depends on its ranking within a context. For example, in subgroup 13, the alternative (3% risk reduction, 240€) was the worse deal in the choice set (it provided the smallest risk reduction at the highest price), while in subgroup 16, it was the best alternative in the choice set (highest risk reduction at the lowest price). According to Parducci's model, the probability of choosing this alternative against the status quo should have been higher in 16 than in group 13. That is, the higher the position in the rank of the choice set, the higher the probability of choosing this alternative against the status quo. 3. Probability framing: within EP1, we tested if the numerical way of presenting the data had any influence. While in most cases risks were presented as X out of 1000, in some groups (6 and 12) we used percentages (X out of 100). This is the difference between groups 3 and 6, and between 9 and 12. It can be seen that the design is very demanding in relation to the consistency checks we can conduct. We thought that it was very important that we could show that our data were consistent. One reason is that, since our survey was a shorter version of the more in depth survey we conducted previously, we had to be sure that the quality of the data was good. It would have been simpler to use the common DBDC (or single bound dichotomous choice) format in all cases but we thought we needed more checks on the validity of our data. However, one drawback of using this design is that the number and type of questions asked to subjects was different in each framing. For this reason, in order to study the relationship between WTP and Age, we used only one response from each individual, i.e., the one corresponding to the 3% risk reduction from 17% to 14%. The reason is that this risk reduction was asked to all subjects. For EP1 we use only the response to the first bid. For EP3 we only have one observation for the 3% risk reduction so this is the response we use. Finally, in EP2 we have two responses for the 3% risk reduction. In this case, we only use the response to the first question about a 3% risk reduction. 1 In order to test the sensitivity of our results to this way of analyzing the data we replicated our analysis using only the response to the first bid in the traditional DBDC approach. That is, only the data of two waves (December, February). Similar conclusions were drawn.
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Econometric models
We assume that the subject has to choose between two different scenarios with different levels of risk of death (q 0 , q 1 ) and income (Y,Y -A k ). We consider the amount A* that would make the individual indifferent between both options:
The probability of a ''yes'' answer we may be expressed as:
This response probability model may be estimated using parametric, semi-nonparametric and non-parametric methods. In the following sections, we explain the different approaches and how the effect of the age has been included. In this way, we test to what extent our results are influenced by the statistical assumptions of the models.
Parametric approach
Parametric methods introduce different distributional and functional assumptions upon WTP function. We use a loglogistic model [4] because it fits the data better than other models. This model assumes that WTP is an exponential function of a linear combination of individual characteristics, and x is an additive error term that follows a logistic distribution [10] . Therefore, individual WTP for the improvement in the level of mortality risk will be nonnegative, which is a desired feature for this study since the respondent should have non-negative preferences about reductions in risk mortality. The response probability function is specified as:
Within this framework, the effect of age on individual's responses can be included in xusing different specifications. Following Krupnick [14] , we use several specifications for the age variable, namely, linear, quadratic and two specifications for dummies.
Semi-nonparametric approach
An alternative procedure consists of semi-nonparametric methods [7] . They reduce the sensitivity of results to specific parametric assumptions about the form of the WTP distribution. This is achieved by replacing the linear combination in the WTP function with a Fourier flexible form [9] . As a result, the models follow the data more closely and are less influenced by statistical assumptions. The probability is expressed as:
where a, b, v jm and w jm denote the coefficients to be estimated, M and J are positive integers, r 0 m is a vector of positive and negative integers that form indices in the conditioning variables and specifies which variables in x are combined to obtain the transformed variables, and the function s x ð Þ is a scaling function. This scaling function subtracts from each variable in x its minimum value and then divides by its maximum and, finally, multiplies by 2p À 0:0001. As a result, each scaled variable lies in the interval ½0; 2p À 0:0001. This scaling process is needed to avoid periodicity in the model [9] . Following Creel and Loomis [7] and Cooper [6] quadratic terms are not included in the Fourier expression.
In this paper, the cos and sin transformations will be applied over the age variable, with the purpose of capturing non-linearities associated to this variable.
Non-parametric approach
Non-parametric methods, as well as simplicity of estimation, have the advantage of avoiding statistical assumptions on the response probability function. Consider K different bids, Ã ¼ fA 1 ; A 2 ; . . .A k g where A 1 \ A 2 \ ÁÁÁ \ A K . Bids are assigned to people from K subsamples of size n 1 , n 2, , …, n K , with P k k¼1 n k ¼ N being the sample size. Let d k denote the number of people from subsample A k who accept the bid offer (or number of yes answers), i.e., those individuals with an actual WTP not lower than the bid. The proportion of yes answers to bid A k from subsample n k would then be
, and the sequence of affirmative
answer proportions would be P ¼ fP 1 ; P 2 ; . . .P k g. A common assumption used in non-parametric estimation is that this sequence of proportions has to be monotonically non-increasing, and when the assumption is violated (P k [ P kÀ1 for any k), the sequence is forced to be monotonic. In this sense, Ayer et al. [3] proposed replacing the proportions P k and P kÀ1 that violate monotonicity bŷ
. If, after that, the sequence still violates monotonicity for other pairs of bids, the same procedure is repeated until the series becomes monotonic, i.e., untilP 1 CP 2 C ÁÁÁ CP K .
There are three basic ways to estimate the response probability function out of the monotonic sequence nonparametrically (see, for instance, [5] ): the Paasche procedure, the Laspeyres procedure; and the intermedium procedure. The estimated value of the probability of acceptance of the offered bid, 8A 2 ½A k ; A kþ1 Þ, will be equal to:
PðYesÞ ¼P k in the Paasche procedure;
PðYesÞ ¼P kþ1 in the Laspeyres procedure;
ðA À A k Þ in the intermedium procedure, this expression being the line connecting the points ðA k ;P k Þ y ðA kþ1 ;P kþ1 Þ.
From these procedures, Laspeyres is the most conservative, and is the method we will use. Moreover, this procedure does not require any assumption about the upper distribution endpoint, i.e., the value of A kþ1 that verifieŝ P kþ1 = 0.
Non-parametric methods have some disadvantages in terms of their relative inefficiency compared to a correctly specified parametric model, or the difficulty in including covariates in the analysis and constraints in the estimation process [11, 12] .
Mean WTP estimate: marginal and total effects
In parametric and semi-nonparametric methods, mean WTP is estimated by integrating the response probability function over the interval [0, A K ]. This maximum bid truncation is recommended by some authors because no information is available beyond that point [4, 10, 23] . In the case of non-parametric methods, mean WTP is estimated in a similar way, i.e., calculating the area under the probability of acceptance curve in the interval [0, A K ] (Kaplan-Meier-Turnbull estimator, [24] ).
Given these models, we can estimate the senior discount using the marginal effect of age on WTP, or using the total effect approach. Marginal effect will be estimated using parametric and semi-nonparametric models. In parametric models, the way of testing for the existence of the senior discount will depend on the functional form used. If age is entered linearly, there will be a senior discount if the age coefficient is negative; if we add a quadratic term the function will be inversely U-shaped, having a maximum before old age; if age is entered as a dummy variable, the coefficient for seniors is negative (assuming young people is the base category). In semi-nonparametric models, it is not so easy to observe the existence for the senior discount. First, it is important to check that the coefficients of the cos and sin transformations are significant. If they are, it implies that the model is capturing non-linearities that are neglected by our parametric models. If so, we need to estimate WTP conditional on age to test if the senior discount is observed.
Total effect implies estimating different WTP for each age group. We could also use parametric and semi-nonparametric models in this case. However, since total effect can be estimated without any parameterization, we think it makes more sense to use non-parametric methods to apply this approach. In this way, we avoid the problems observed by Alberini [1] and Robinson and Hammit [22] that were explained in the Introduction.
Value of statistical life year
The VSLY conditioned on age (VSLY A ) will be computed as in Viscusi and Hersch [26] , i.e.,
where VSL A stands for the VSL at age A, r is the discount rate and L is the remaining life expectancy at age A. If VSL declines in the same proportion as life expectancy as people grow older, VSLY will be constant or independent of age. This is the usual assumption used in the literature. However, if VSL declines less than proportionally with life expectancy, VSLY will increase with age. We believe it is important to use our data to compute VSLY given the large number of subjects older than 65 years in our sample (18.97%). Estimations of VSLY based on revealed preferences often rely on data from the labor market, and there are few observations of subjects older than 65. Also, databases that use stated preferences usually do not have enough observations of subjects older than 65 to make a distinction within this group. This is important since some policies especially benefit older seniors (75 and above). Some examples of such policies are, clean air policies (in the environmental area) or cancer drugs (in the health policy area). Viscusi and Hersch [26] (p. 950) show that ''the VSLY varies from youngest to oldest by a factor of three for men and a factor of two for women''. However, by oldest they refer to those in the 55-64 range. It is important to know if the pattern follows for older cohorts.
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Results

2
The number of subjects finally used was 5566 and not 6024 as 458 chose the option ''I don't know'' in the WTP question. These 458 individuals were distributed between surveys and frames as follows: December (n = 61), February (n = 64), March (n = 98), April (n = 127), May (n = 108), EP1 (n = 125), EP2 (n = 139), EP3 (n = 194). The distribution of the remaining 5566 individuals was: December (n = 1146), February (n = 1145), March (n = 1103), April (n = 1079), May (n = 1093), EP1 (n = 2291), EP2 (n = 1458), EP3 (n = 1817). No statistically significant differences among the samples were found [27] . More than 35% of subjects did not respond to the question of income level. In order not to lose those observations, we looked for a proxy variable. Social Status performed very well since it is closely related to income. This is a Likert type scale of self perceived Social Status. It goes from 0-Lowest Social Status-to 8-Highest Social Status. The correlation between these two variables (Income and Social Status) was measured using the Gamma statistic, obtaining a value of 0.87, close to 1, the strongest level of association. In general, the sample was representative of the Spanish population, and there were no differences in sociodemographic characteristics between the three framings used.
Data quality
Sensitivity to irrelevant factors
The different tests showed the lack of sensitivity of the responses to theoretically irrelevant factors (P [ 0.1). The proportion of subjects choosing one alternative or the status quo was very similar in all contexts. No evidence of statistically significant framing effects or order effects was found. We did not observe statistically significant effects either when probabilities were presented as number of events in a group of 100 or 1000 subjects.
Sensitivity to relevant factors
The main ''relevant factor'' was the sensitivity of WTP to the size of the risk reduction. In order to test for scope effects, estimates of mean WTP were obtained using the nonparametric Turnbull estimator. Mean WTP for a 3% risk reduction was clearly higher in EP1 than the corresponding means for smaller risk reductions in group EP3 (P \ 0.01).
3 Also, there were no statistical significant differences (P = 0.11) between the 3% risk reduction in groups EP1 and EP3. Finally, the proxy variable for income was significant in the direction predicted by theory. In summary, the data seem to behave quite well in terms of their relationship with theory, being sensitive to things that should matter and not sensitive to things that should not matter. Given that the data were internally consistent, we proceeded to pool the responses obtained from the three elicitation procedures considered.
Marginal effect: parametric and seminonparametric models
The main results of the parametric and semi-nonparametric models can be seen in Fig. 1 . The dependent variable is a binary choice variable that takes a value of 1 if the individual answered yes to the WTP question and 0 if the individual answered no. Together with age, we have included several independent variables in these models to capture the possible influence of other important factors on WTP, namely gender, level of education and income. Definitions of the variables are as follows. Gender is a binary variable where the value 1 means male and the value 0 represent the female category. Income and Education are two binary variables built from the variables Level of social status and Level of education, respectively. Income takes a value to 1 when the variable Level of social status is higher than 3. Education takes a value of 1 when Level of education is higher than lower secondary. The cutoff points were chosen to produce two different groups of approximately the same size in order to increase the statistical power of the tests in the total effect analysis. The coherence of the resulting subgroups was checked. Level of social status is assumed to be a proxy for income as explained above. The values of some of these covariates were not reported by 30 individuals, resulting a final Non-parametric Fig. 1 Willingness-to-pay (WTP) as a function of age using different specifications sample size of 5536 individuals (n = 2279 in EP1, n = 1449 in EP2, and n = 1808 in EP3). The coefficient of age for the linear model is negative and statistically significant (P \ 0.05), suggesting lower WTP as age increases. The quadratic term is also statistically different from zero and negative, so the function is inversely U-Shaped. Figure 1 shows that the function peaks at age 39 (Monthly WTP = 942.9€). If we set up this value as 1, the relative value for a 65-year-old would be 0.87 and 0.70 for an 80-year-old. The two models with dummies also provide a similar picture. In the case of the semi-nonparametric model, we have applied only the cos and sin transformations to the age variable, since these transformations were non-significant for the ln(bid) variable. The results for the semi-nonparametric model are very similar to the quadratic model except for the fact that the quadratic model seems to understate WTP for older seniors (over 75 years). In relation to sociodemographic variables, we obtain that Gender is not significant in any model, while Education and Income are significant: subjects with higher income and higher education have higher WTP.
Total effect: non-parametric models
Results for the total effect non-parametric model can also be seen in Fig. 1 . These results basically confirm what we observed in parametric and semi-nonparametric models, namely, WTP has a concave relationship with age, with the maximum located at around 40, and falling continuously with age from that point. However, the non-parametric total effect model increases the senior discount, since WTP for subjects older than 60 years is lower than what is predicted by any parametric or semi-nonparametric models. Now the 65-year-olds would have a WTP that is 67% (instead of 87%) in relation to the subjects with highest WTP and 75-year-olds would have a WTP that is 62% in relation to the maximum WTP. However, it falls quite sharply for those over 80, who have a WTP that is only 36% of the maximum.
One of the limitations of the total effect approach is that it is difficult to disentangle the effect of the different variables that are correlated with age. In our case, given the large sample size, we can apply the total effect for more uniform groups. In Table 2 we see non-parametric WTP for Age-Education groups and for Age-Income groups. Tests for differences in mean WTP are reported in Table 3 . The senior discount is independent of the level of education but is not independent of the level of income, since it concentrates only on low-income subjects. Finally, we can make even finer categories (although sample size becomes dangerously small for some of them) (see Tables 2, 3 ). When we do this, we see that the senior discount is related more to the income level than to the education level. When income level is high, we do not observe any senior discount, independently of the education level. When income level is low, we observe the senior discount, independently of the education level.
Value of statistical life year
The relationship between Age and VSLY can be seen in Fig. 2 . We can see that the relative values are very similar for men and women. We show the results for the semiparametric model but the remaining models provide a similar perspective. Our results are slightly different to those obtained by Viscusi and Hersch [26] . We obtain a very similar ratio of the VSLY for men and for women while Viscusi and Hersch [26] found differences. In their case, it was about 3 for men and about 2 for women. In our case, it is about 1.7 for men and 1.5 for women (60 vs 20 years old). However, we can see that this ratio accelerates around 65. This is not surprising given that WTP changes much less with age than life expectancy. The relative value of a life year for an 85 year old is about 3.5 higher than the corresponding value of a 20 year old.
Concluding remarks
We have presented in this paper what we believe is one of the more solid pieces of evidence for the existence of the senior discount. Most of the methodological problems that have been shown to affect the calculation of the senior discount do not apply to our paper. Of course, this does not mean that the paper is free from limitations. First, we have used a case study where risk reduction is much higher than the usual papers that have estimated the senior discount. In our case, we dealt with a health problem that is (more or less) familiar to most subjects, and we used a 3% risk reduction in mortality-far larger than most of the studies on the VSL where risk reductions are usually presented as X in 100,000 or in 10,000. The study of Alberini et al. [2] presented risk reductions of 1 and 5 in 1000, and they are amongst the largest risk reductions we have seen in order to estimate VSL. For this reason, we think that the implicit VSL present in our data is not comparable to other studies, and we have not computed any VSL in this paper. For all these reasons, one potential criticism of this paper is that the risk reduction studied is different from other studies, since it deals with higher risk reductions and they refer to a private good, while the senior discount is usually relevant in policies related to public goods that deal with smaller risk reductions. While all this can be true, it is also true that the fact that we used a health problem that is fairly well known by members of the general population, and the fact that we used higher risks reductions may have contributed to collecting data that are highly consistent. In that respect, the estimations of the senior discount may have been less affected by problems in dealing with unfamiliar goods and very small probabilities, as happened in other studies. A second limitation is that, in order to achieve a large number Age interval i is the interval with the higher WTP mean One-sided approximate significance level obtained following Poe et al. [25] with non-parametric bootstrapping and 10,000 replicates of observations in a face-to-face survey, we needed to insert our study in a survey where people were asked about other issues. We accept that this is not the ideal way of conducted a WTP study; However, we tried to reduce the limitations of this methods is several ways. We had previous experience in the issue of risk reduction for AMI using in-depth face-to-face interviews. The visual aid, and the framing of the questions, were thus fully piloted. We knew that most subjects did not need too much time to understand the main concept, namely, that after an AMI your risk of death increases and medicines can reduce this risk. In summary, in the trade-off between providing indepth information and having a large sample size, we clearly chose sample size, and we try to compensate for that by presenting a case study that subjects could grasp more or less easily, and presenting risks reductions of a size that subjects can understand easily. A third limitation is that we used several framings so not all subjects were asked exactly the same type of questions. However, we observed similar results (not shown) when only the data from EP1 were used. Given the results of these checks, it does not seem that our results suggest a lack of understanding of the good being valued. There is nothing in the data to suggest this is the case. The results show a remarkable consistency between methods. The problems that Alberini [1] observed in other databases are not present here. In our case, simple methods (e.g., a quadratic utility function) do not seem to be very different from the more sophisticated and flexible semi non-parametric approach. Also, the results of the nonparametric approach are in line with the rest of the results, so they can hardly be attributed to statistical assumptions of the model. In addition, this is one of the few papers that has used the marginal and the total approach, and the fact that both approaches produce similar results is another indication of a very stable pattern. Krupnick [14] , talking about the senior discount, points out that ''if an effect (or its absence) is not robust, then one can probably manipulate the data to find any desired outcome. Alberini's [1] manipulation of data from several of the studies suggests that these effects can come and go depending on unrelated or incidental analytical choices''. This is not the case in our study.
The pattern observed confirms the presence of the senior discount but our results also confirm that the size of this effect is limited. Krupnick [14] suggests that a discount of 25% may not be very relevant in order to use different VSL for seniors. In our case, the results are in this range. Also, the fact that this discount is concentrated mainly on lowincome subjects raises obvious ethical issues that make the application of this discount doubtful. However, this is not for us to say. It is true that the non-parametric results suggest a much larger discount for the oldest seniors (80 years and more). We have to be cautious about this result, since this is the group with lower number of observations. If this were considered a relevant issue, more evidence would be needed for people in that range.
Finally, our results raise important issues in those areas that base their policies on the concept of value of a life year or QALYs, for example, regulation of medicines. Those policies usually assume that the monetary value of a year of life or of a QALY is independent of age. Our results suggest that VSLY is not constant over the life cycle and that the monetary value of life years (or QALYs) increase with age. 
